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ABSTRACT 

 

Since the non-negative matrix factorization (NMF) has been introduced [1], the roles of non-

negative constraints in such approximation models were paid attention. Indeed, a recent work 

showed that non-negative constraints improve interpretability of the deep learning models [2]. 

In this work, we would emphasize its roles in the graph auto-encoder (GAE). The 

convolutional neural network (CNN) plays an important role in the success of the deep 

learning; however, CNN cannot be directly applicable to the network (i.e. graph). The graph 

convolutional neural network (GCN) [3] and the graph auto-encoder (GAE) [4] are deep 

learning models specially designed for graphs. Specifically, GAE encodes the in-nature 

compressed representation from a graph, and reconstructs the original graph. The compressed 

representation may contain the essential components of the inputs. Such essential components 

can be considered as building blocks of the graph, and previously, we proposed the method to 

extract such building blocks using GAE [5]. By applying GAE to the brain networks which 

consist of nodes that are anatomically defined brain regions, and edges that connect a pair of 

brain regions, we would reveal that non-negative weight constraints  has important roles in 

GAE and its interpretability.  
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